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Contributions

1. TCF: Tensor Clustering Framework

® A new sublineage structure of MTBC strains using multiple biomarkers

® Genomic data fusion via multiple—biomarker tensors

2. Evolution model of spoligotypes

* Evolutionary analysis of spoligotypes using multiple biomarkers

® (Genomic mutation mechanism fusion

3. UBF: Unified Biclustering Framework

° Host—pathogen association analysis of tuberculosis patients

° Genome—phenome data fusion

]
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TB: Tuberculosis

Infectious disease

Airborne infection or transmission

1/3 of the human population infected withTB

90% of TB cases remain latent

1980-2009: TB cases decrease
Exception: Early 1990s

> 2 million/ year die from TB

Mumber of TB cases and case rates in the US, 1980-2009
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Ozcaglar et al., Epidemiological models of Mycobacterium

tuberculosis complex infections, Mathematical Biosciences, 2012.

Cagri Ozcaglar: Ph.D. Thesis Defense




7/5/2012

MTBC: M. tuberculosis complex

MTBC bacteria: causative agent of TB

Genotyped by multiple biomarkers:

Spoligotype
MIRU-VNTR
RFLP

SNPs

LSPs

1S6110-Based Genotyping
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L miru b‘ PCR primers

MIRU-Based Genotyping

Barnes et al., New England ]. Medicine, 2003
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Motivation

® Multiple sources of data from:

e MTBC strains
e TB patients

* To solve the following problems:

1.

2.

3.

MTBC differentiation

Using multiple biomarkers

Genomic data fusion

Evolutionary analysis of an MTBC biomarker

Genomic data fusion

Using an additional biomarker

Host—pathogen association analysis

Incorporating distance and time

Genome—phenome data fusion

° Algorithmic data fusion methods:

1.
2.
3.

TCEFE: Tensor Clustering Framework
SpolTopol: SpoligoforestTopology analysis
UBF: Unified Biclustering Framework
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Outline

2. Background: Post-genomic data analysis

® (lassification and Clustering
° Biclustering
° Multivvay modeling

° Phylogenetic analysis

N o1 B~ W

]
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Classification and Clustering

1. Classification

° Predict classes of data points
° Supervised learning: Classes known a priori
Classifier
——) r ——)

2. Clustering
° Grouping data points

° Unsupervised Iearning: Classes unknown a priori
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Classification and Clustering of MTBC

Classification Clustering
MTBC strains — —

Decision tree
Ferdinand et al., 2004

CBN SPOTCLUST
Aminian etal., 2010 Vitol et al., 2006
TB-Lineage
Shabbeer et al., 2012
~: >—
East Asian East-African Indian Euro-American Indo-Oceanic M. africanum M. bovis
Affinity Propagation

Borile etal., 2011

KBBN

Aminian etal., 2011

TCE
Ozcaglar etal., 2011
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Biclustering

® Biclusterino: Clustering rows and columns simultaneousl
8 g y

® Concept coined by Hartigan (1972)

® Term used by Mirkin (1996)

° Cornmonly used for microarray data analysis in 2000s

® Find a submatrix within the data matrix

Columns

— ® Biclustering algorithms:

Rows{ °

Cheng and Church: Row/column add/remove
CTWC: Coupled Two-Way Clustering
SAMBA: Statistical-Algorithrnic Method for

Bicluster Analysis
BiMax: Binary Inclusion-Maximal algorithm

OPSM: Order-PreserVing Submatrix algorithm

7/5/2012
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Multiway modeling: terminology

e Tensor X € Rivxl2x.In hag N modes.

. =—>» X € RI**K with 3 modes
I —

J

® Matricization: Unfolding

e Mode-n matricization of a tensor X € Rt f2x-In . Xn)

kel k=2 k=K

T —> —>

] ]
J J

® Kronecker product

e Khatri-Rao product
apnB - aiLB

A Q) E = [Ell = bl s (53] bg N 1 % () JTJK]
AwB-= : B :

amiB - Ggn
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Multiway models and algorithms

Models

Algorithms

& Algorithm 1 PARAFAC-ALS(X e R/ =<K R)
iﬁZmobrocr:[[A,B,C]] EURE IxR S KxR
— 1: Imtiahze A € R, B e R7*", C e R™*
2: while (convergence criterion) do
XI:l) = A {C ) B:I? —+ EI:IJ 3: Z=CeB B
A=XZ(Z'Z)
< Cr 4: Z=C = A
b, b B =X 4yZ(Z'Z)™"
)_( = B £ eomie + e + g ik Z1 =B ® A J—
: 4 C=X1Z(Z'Z)
J a1 28 ) 6: end while
Tucker3 Tucker3-ALS
P Q R Algorithm 2 Tucker3-ALS(X € RI*=K [p Q,R1)
X A~ Z Z Z Jpgr Ap © ]}q oc, = [[g A.B. C]]] 1: Init.iali:f.o A e RIxP, B IS RJ"Q, C e RExE
1 g1 r—1 2: while ((:(Jm’prg{rrltre criterion) do
; 2 Z=Xy(C®B)
X =AGun(C®B) +Eq A = SVD(Z, P)
q 4: 7z = X(gj (C (034 4'3;]
B = SVD(Z.Q)
S A 5. Z=Xg (BoA)
. . C = SVD(Z, R)
| X - ol g |)" | E 6: end while
J K Q R J K T: Gfl,‘ = ijjX(]J l:C & B)
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Phylogenetic analysis

° Phylogeny: Reconstruction of evolutionary history of a group of

organisms, taxa.

e Phylogenetic tree: The graphical structure that represents inferred

evolutionary history of taxa.

* Parsimony methods
e [ikelihood methods

M bows
* Bayesian methods

/ LINEAGES
Spoligotype East Asian (Beijing
(taxon) T
. East-Afncan-Indian (CAS)
Mutation
event \ . Euro-American
. MethOdS . Indo-Oceanic
e Distance methods
. M. africanum
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Outline

3. TCF:Tensor Clustering Framework

® [Ozcaglar et al., IEEE BIBM, 2010]
® [Ozcaglar et al., BMC Genomics, 2011]

e
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Motivation: TCF

° Why do we cluster? MTBC strains vary in:

® (Classification of MTBC strains into major lineages:

Infectivity

Host-pathogen association (e.g. Mexico, Indo-Oceanic)
Transmissivity (e.g. W-Beijing)

Virulence [Gagneux etal., PNAS 2006]

Drug resistance

Characteristics of MTBC strains
Unusual traits of MTBC strains

® Further subdivide MTBC major 1ineages

Find more specific groups of MTBC strains

® Use multiple biomarkers

Spoligotypes
MIRU patterns

7/5/2012
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Goal: TCF

® Goal: Divide major lineages into sublineages

® Using multiple biomarkers via genomic data fusion

MTBCstrains

M. africanum M. bovis East Asian (Beijing) East-African Indian (CAS) Euro-American Indo-Oceanic

bA b L b

?

® Need: A method to cluster strains
e Using multiple biomarkers simultaneously

® Tool: The Tensor Clustering Framework (TCF)
e Using Multiple-Biomarker Tensors (MBT)

77572012 Cagri Ozcaglar: Ph.D. Thesis Defense 16



MTBC biomarkers

® We used two biomarkers for MTBC genotyping

Spoligotype

I

M. tuberculosis
H37Rv
44115290p

L L L L T T T 1 T T T T T T T U1 T T T LT T T [ T T 1T [ T T 1
1 2 3 4 5 8 7 8 9 90111213 14 15 98 17 12 18 20 22234 2534 27 28 29 030 3 X2 X3 M O35 M X 330 A0 41 42 4

00000000000000000000000000000000001 11111111

® 43-bit binary vector

MIRU 33¢ 2111 { 1x98, 1x101) 3319465-3319663 __

MIRU-VNTR

MIRU Ic 123173-23273
@ MIRU 39 2x11 (2x53) 4348715-4348823

MIRU 38 I114134598.4134722 |
MIRU 37 111 3991564-3991621 |
N

MIRU 2 1l 154071-154123

2x11(2x53) 154124154220 @

MIRU 3¢ I11272853-272953

- - MIRU 4 331 (3x77) 580576580806 @

/ — MIRU 5 1l 616826-616876

MIRU 6c 111 642752-642809

_—— MIRU 711 795465795516
T —— MIRU 40 11 802429-502476 @
~ MIRU 8 I1111 812833812919

— 1812920812973

‘*\\\ MIRU 9 1 863151-863253

MIRU 36c I 4704891-3705000
MIRU 35¢ I11 3658654-3658708 \\
MIRU 41 11 3626610-3626662

MIRU Sc 1 3591450-3591566

MIRU 32¢ 111 3318832-33 18886 ™ H37Rv

3300000 4411529 bp 1100000

@ MIRU 31¢ 31l (3x53) 1192199-3192357 —__ T MIRU 10¢ 3111 (1%55, 2x53) 960171-96033 1 @
MIRU 30c [T 3160519-3160580 —

— MIRU 11 11 1793431179393
) ; - )
MIRU ::I":]U‘ZT‘:’; lf:;"iguﬁa] 7 ———— MIRUI2 Il 1456563-1456625
ol 3 -3 = MIR! - 2
@ MIRU 27¢ 3x11 (3%53) 3007060-3007218 e g
. MIRU 26 3xII (3x51) 2996000-2996152

—

n
™ MIRU 14 11 1507529-1507579

~ MIRU 15¢ Il 1625364-1625416
MIRU 16¢ 2x11 (2x53) 1644259-1644364 @
MIRU 17c 11 1830072-1830123
@ MIRU 23¢ 6xT1 (1350, 5x53) 2531896-2532210 | \ MIRULS 11 1935091-1935 143

MIRU 19 [1 1944754-1944806
MIRU 22 IT1 2458390-2458447
MIRU 21 12330145-2330223 MIRU 20 211111 (2x77) 2059439-2059592 @

/|
MIRU 25¢ 1 2716313-271638¢

@ MIRU 24 11 2687126-2687177 |
12687178-2687255 |

2121413251333 ]2]3

12-bit digit vector
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® Need a kernel-based data fusion method to combine both

biomarkers
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TCF: Tensor Clustering Framework

‘

Feature Selection and ) Straine
i ; ; — i1,
Tensor Generation
m T

\

Multiway Modeling p &
1. PARAFAC
2. Tucker3

[ Clustering Algorithm ]

kmeans_mtimes_seeded

\
Cluster Validation

* Best-Match Stability
* DD-weighted Gap Statistic (PC)

Ozcaglar et al., Sublineage structure analysis of Mycobacterium tuberculosis

complex strains using multiple-biomarker tensors, BMC Genomics, 2011.
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MBT: Multiple-Biomarker Tensor

¢ Biomarker kernel matrix
® Spoligotype deletion vector: S, binary vector.
¢ MIRU pattern vector: ﬁi, digit vector.

e Biomarker kernel matrix: § X M, outer product of S and m.

e MBT: Multiple-biomarker tensor

- Strains
> 9 > i1, X
——— H 2 . MIRU patterns

m m S e, K
_Y— "

—_

3
Spoligotype

)

deletions
j=1,..)
® |Xix =0 rik| : Coexistence of spoligotype deletions with MIRU loci %
0. if spoligotype deletion j does not occur in strain 7.
0;; =
j
1. if spoligotype deletion j occurs in strain .

7 — Number of repeats in MIRU locus k of strain ¢
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Clustering

algorithm and validation

e K-meansis a commonly used clustering algorithm

® Two improvements to weaknesses:

1. Initial Centroids problem: Initial centroids are chosen randomly.

»  Careful seeding using kmeans++ [Arthur et al., SODA, 2007]

2. Local Minima problem: The objective function can fall into local minima.

> Repeat k-means multiple times, retrieve the run with minimum objective.

Algorithm 4 kmeans++(A,k)

1
2: fori=2to k do
3

ac A
4:  Pick the data point a with maximum
c; = argmax D(a)
a

5:  Add ¢ to the set of initial centroids:

fi: end for
7: Run kmeans(A,k) with InitCentroids

: Pick the first centroid ¢ at random: InitCentroids = {c1}

Find D{a), distance to the closest centroid picked so far, for each data point

InitCentroids = InitCentroids U {¢;}

D(a) as new centroid

Algorithm 5 kmeans mtimes seeded(A,k,

:fori=1tomdo
kmeans++(A,k)

: end for

1
2
3:  Get the objective value of k-means run i
4
D

: Pick the k-means run with the minimum objective value

) ® (Cluster validation

® Best-match stability

° DD—Weighted gap statistic

7/5/2012
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The Dataset

® 6848 distinct MTBC strains

° Spoligotype and 12-loci MIRU.
e CDC + MIRUVNTRplus

® The strains are labeled by major lineages and SpolDB4 lineages.

SpolDB4 lineage
1111000000001111111111111111111111111101111 225424243522 |Mycobacterium africanum | AFRI
0000000000000000111111111110111111111100000 235324253421 |Mycobacterium bovis BOV
0000000000000000000000000000000000100011111  [223325163533 |East Asian BELING
0000000111111111111111000000000000111111111 225425163534 |East-African Indian CAS
1111111111111111111110000000000000110111111 144426221234 |Indo-Oceanic EAI
0011111111111111111111101000000100001111111 224322153322 |Euro-American H1
Major lineage # Strains | # Spoligotype deletions
M. africanum 64 22
M. bovis 102 34
East Asian (Beijing) 571 5
East-African Indian(CAS) 508 18
Indo-Oceanic 1023 28
Euro-American 4580 109

]
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Results: Tensor sublineages

° Apply TCF on MBT of each major lineage
® Number of components used in PARAFAC and Tucker3 on MBT

Major Lineage Tensor size PARATAC Lucker
# Components CC / Variance # Components Variance
M. africanum 64 x 22 x 12 3 95.08 / 93.33 431 91.94
M. bowis 102 x 34 x 12 2 100.00 / 86.02 7TH1 91.05
East Asian (Beijing) 571 x 5 x 12 2 100.00 / 81.58 342 93.09
East-Alrican Indian (CAS) 508 x 18 x 12 3 90.75 / 80.48 664 94.27
Indo-Oceanic 1023 x 28 x 12 5] 92.99 / 80.35 15135 95.55
Euro-American 4580 x 109 x 12 14 99.06 / 89.83 114 13 5] 89.77

e Number of tensor sublineages and validation measure values

| Major Lineage

|| # ppolDbB4 Tamilies | # lensor sublineages | F-measure | Stability |

M. africanum | | 0.66 1

M. bovis D 3 0.71 1

East Asian (Beijing) 2 6 0.88 1

Fast-African Indian (CAS) 1 1 0.75 1
Indo-Oceanic 13 9 0.67 0.86
Furo-American 33 35 0.53 0.84

7/5/2012
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Subdivision of M. bovis lineage

Confusion matrix

- MB1

MBI | MB2 [ MB3 -
Stability 1 1 1 1. |
[ BOV '
BOVISI PCA plot |
BOVIS1_BCG -
BOVIS2

T
x

BOVIS3

L L L L L
0 05 1 15 2 25

- I I .
-2 -15 -1 -05
1st Principal Cemponent

Biomarker signature

MEA

1 2 3 4 5 6 7 & 9 101112 13 14 15 16 17 16 19 20 ZFABEEZ 23 24 25 26 2T 28 29 30 31 32 33 34 35 36 37 38 39 40 41 42 43

[
8 0 10 11 12 12 14 15 16 17 18 19 20 EFAB%? 23 24 25 26 27 28 20 30 31 32 33 34 35 30 3T 38 3D 40 41 42 43

[ T 4
12324567

1 2 3 4 5 6 7 8 8 10 11 12 13 14 15 16 17 18 19 30 21 22 23 24 25 26 27 28 20 30 31 32 33 34 35 36 37 38 30 40 41 42 43

" ME1 . Ma2 ME2
’ Ly | [ [ [ [ [ L L [ [ [ [ [ [ [ T o4 1 1 1 [ 1080604020
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Subdivision of East Asian lineage

Confusion matrix

B1

B2

B3

B4 | B5 | B6

Stability 1

1 1 1

BELIING
BEILJING-LIKE

18

Biomarker signature

32 33 34 35 36 37 38 30 40 41 42 43

\|E:]E}---
32 33 38 39 40 41 42 43

23 37 30 41 42 43

\||1EEE’IIIII
3233 4 39 40 41 42 43

\ IW
233 =W 37 33 39 40 41 42 43

[ 1 ﬁ P
32 33 34 35 36 37 30 41 42 43

B3

Bl
N A O B N N N N I O
PCAP Ot 12345678 910112131415 1617 1819 20 2| 22 25 24 25 26 27 26 29 30 31
I O B N N N O I I
o ) 123 45 6 7 8 910111213 14 15|?1a|gzuzb&2132425252?23293031
kmeans_mtimes_seeded result on EastAsian lineage with k=6
4 T T T T T T N N I I [T T T T T T T T T T T T TTT
\ B1 1023456 7 8 9011121314 15 16 17 19 19 20 2,22 23 24 25 26 27 26 23 30 31
B2
al x . B3 ] N I
hd 1 2 3 4 5 6 7 8 9 1011 1213 14 16 17 1B 19 20 21 22 23 24 25 26 27T 28 29 30 A
- B4 B>
. : - BS O O A | N O I B B R B |
2k .. - BB M 123456 7 8 91011121314 15 16 17 18 19 20 2,22 23 24 25 26 27 26 29 30 31
s ¥ Centroids
: o N A O B N N N N I O
- 12 3 4 5 6 7 8 9 10 111213 14 15 16 17 18 19 20 21 22 23 24 25 26 27 26 29 30
] 1 - T B1 B2
[}
2
g -
E or x 1
s}
®
=2
E-1F . :
£ f
z o ,
-2l 11 | |
= = = w
_3_ -
.
.
L]
. .
.
a4l X‘ |
: ; i
_5 1 1 1 1 1 1 1) 1
-4 -3 -2 -1 0 1 2 3 T 1 |
1st Principal Component = % o ow o= = EEE RN = % @ « = 3 % % 5w & & =
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Outline

1.

2.
3.
4.  Evolution model for spoligotypes

® [Ozcaglar et al., IEEE BIBM 2011]
® [Ozcaglar et al., IEEE Trans. NanoBioscience, to appear, 2012]
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Motivation: Evolution of spoligotypes

e Motivation:
® Putative mutation history of spoligotypes
® Deletions in the DR region
® Better understand the mutation mechanism of biomarkers

® e.g Rare convergent evolution in the DR region [Fenner et al, 2011]

e Goal: Disambiguate the ancestor spoligotypes

* Method: MakeSpoligoforest() algorithm
® Uses an independent biomarker, MIRU-VNTR

® Based on maximum parsimony
L]

77572012 Cagri Ozcaglar: Ph.D. Thesis Defense 26



Mutation mechanism of biomarkers

Spoligotype
Unidirectional

Spacers can be lost, but not gained

Camin-Sokal parsimony
¢ 150 ¥
e 0—1 “

Irreversible deletion

Contiguous deletion assumption (CDA)

1

10 20 30 40

IEEEEEEEEEEEEEEEEEEEEEEEEEEEEECOECOCOCOO@ENNEEE

_ v
ANEEEENEEEEEEEEEEEEEEEEEEC O O00ORO 000NN EEEEN

MIRU-VNTR

e Bidirectional
e Tandem repeats can be lost or gained

® Stepwise mutation model

Cagri Ozcaglar: Ph.D. Thesis Defense
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Most parsimonious forest generation

° Assumptions
* Contiguous deletion assumption
® No Convergent evolution
° Distance measures for strain comparison
e 55 €10,1}, where i € {1,..,43}
e m; €10,..,15} U {s,t,..,2}, where j € {1,..,12}
13
1. Hamming distance between spoligotypes Hs (5:,5;) = | Sir — 8jr |
r=1
12
2. Hamming distance between MIRU patterns Hnp (M, M) = Z | sign (Mir — Myr) |
r=1
2
3. L1 distance between MIRU patterns Lag (M03,105) = Z | Mir — M |
®  Validation of the model S~ 4,
ij
o Segregation accuracy: Percentage of within-lineage mutation events. |g _ "=’
77572012 Cagri Ozcaglar: Ph.D. Thesis Defense 28



MakeSpoligoforest algorithm

Contiguous deletion
assumption

N

Hamming distance between
MIRU patterns -

\ 4

Hamming distance between
spoligotypes +

l

L1 distance between
MIRU patterns *

A 4

Random pick

7/5/2012
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The spoligoforest

CDC dataset, 2004-2008

9336 unique MTBC strains determined by spoligotypes and MIRU patterns

2841 nodes: Spoligotypes

2562 edges: Mutation events

e ®0 %o %o
e oy P s

LINEAGES

East Asian (Beymng)

East- Affican-Indian (CAS)

Euro- Amencan

Indo-Oceanic

M. africanum

M. bovis

7/5/2012
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Comparison with existing mutation models

e The difference between segregation accuracy of different

mutation models is not statistically significant

Segregation # Isolated | # Mutation
Model
accuracy nodes events

Zipf model [Reyes ct al. 2008] 0.9921 2562
MakeSpoligoforest() (Spoligotype) 0.9906 230 2562
MakeSpoligoforest() (MIRU) 0.9941 233 2562
MakeSpoligoforest() (Spoligotype and MIRU) 0.9941 232 2562

® MakeSpoligoforest() algorithm results in similar percentage of

Within—lineage mutation events
® Alternative mutation models also perform as good

e  We use the spoligoforest generated using both biomarkers

77572012 Cagri Ozcaglar: Ph.D. Thesis Defense 31



Result 1: Number of descendant spoligotypes

® d;: Number of descendant spoligotypes of node i —
i dp—3
® Number of descendant spoligotypes distribution
° Power Law
10° :
® PMNumber of descendant spoligotypes '
——Power law: P(D = d) = 1.6908 d =%
107}
=)
Al
o]
0
107
.
-3
10 x ; . Clauset et al.,
10 10 10 10
D: Mumber of d d li :
umber of descendant spoligotypes SIAM RCVIGW, 2009.
[ Aftribute || Power law distribution function | UDomain | p-value | Support for power law |
D: Number of descendant spoligotypes P(D = d) = 1.6906 d—2-0565 d>2 0.6330 Good
L- Mutation length P\(L =1) = 152.0408 [ 3- 1020 [>8 0.0020 None
' Po(L =1) = 051081 0903 1<l<43 0 None

7/5/2012
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Result 2: Mutation length frequency

e Mutation length: Number of spacers deleted in a mutation

li].: The length of mutation from node i to node j
E—Q
P(L=1) =

43
i=1

H=2| | 1=

* Zipt model by Reyes et al.

10° - _
® |: Mutation Length
=P (L=I) = 152.9498 1%
—=—P_(L=I)=0.5108 |7"°%2
107¢ 2
T 107
a
) ® Why not power law?
10 °F
. .
* Longest observed mutation length: 32
® Maximum possible mutation length: 43
10-4 0 I I I 0 IT 2
10 10 10
L: Mutation Length
[ Aftribute || Power law distribution function | UDomain | p-value | Support for power law |

D: Number of descendant spoligotypes P(D = d) = 1.6906 d—2-0565 d>2 0.6330 Good

j . Py(L =1) = 152.9498 [~ 3-1020 [>8 0.0020 None
L: Mutation length ! : =

- utation lengt P2(L =1) = 0.5108 [ 10953 1< <43 0 None
Cagri Ozcaglar: Ph.D. Thesis Defense 33
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Result 3: Number of mutations at each spacer

Number of mutation events in which each spacer is deleted

400

“Hotspots”
350+
300+
2]
j -
(=]
= 250+
g
£
« 20} Change point
@
o
€ 150
=
=

100

50

]||‘| ‘
35

o
0 5 10 15 20 25 30

Spacer

40

Spatially bimodal distribution.

o Hotspots, sites of increased observed variability: Spacers 13 and 40.

° Change point: Spacer 34,

Ozcaglar et al., Inferred spoligoforest topology unravels spatially bimodal distribution

of mutations in the DR region, IEEE Trans. NanoBioscience, in press, 2012.
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Spatially bimodal distribution

Reason: Scarcity of sp33—sp36

Proofs:

Principal genetic groups PGG 2 and
PGG 3 defined by Sreevatsan et al. lack
spacers 33 to 36.

Euro-American lineage is characterized

by the deletion of spacers 33-36.

J 1971 spoligotypes out of 2841,
69.37% in the CDC dataset are

labeled with Euro-American lineage.

94 out of 2841 spoligotypes, only
3.31% of them, have spacer 34 present
in the DR region.
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Result 4: Alternative model - SPM

® SPM: Starting Point Model

e (Condition on the starting point of mutation

(I | Start | End | Possible? |
_— s € [1,33
i (1,34 | [1,34] v
= [1,34] | [35,43] X
PL=Us=s)=3 " = cpsa [35,43] | [1.34] X
S [35,43] | [35.43] v
i=1
1. se{34,43}.1=1

e SPM on mutation length frequency of CDC and IPDG datasets
CDC | IPDG

[ ] Mutation Length
a

10’ 10’
L: Mutation Length L: Mutation Length
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Result 4: Alternative model - LBM

® LBM: Longest Block Model

® (Condition on the length of longest block of spacers

43

‘E D e > L P(L < L) £0

max

Imuz
P(L = £|L S -'Ema.r) - Z %._mm‘“
=1
1'.! Imll:l' — 3 — ].

e [ BM on mutation length frequency of CDC and IPDG datasets
IPDG

T 107
® L Mutation Length F
LEM r

P(L=)

P(L=I)

07
mﬂ:n“ 1‘0‘ 10 w_:n‘ 10 10°
L: Mutation Length L: Mutation Length
—
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5. UBF: Unified Biclustering Framework
o [Ozcaglar et al., RPI Technical Report, 2012]

e
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Motivation and Goal: UBF

° Host—pathogen association analysis

e Stable: [Hirsh et al., PNAS, 2004]
® Variable: [Gagneux et.al., PNAS, 2006]

° Phylogeographic lineages:

* Genotype of MTBC and patient attributes are related

e MTRBC strains: spoligotypes

Genome—phenome data fusion

® 'TB patients: country of birth

® Incorporate more data into domain knowledge

® Genetic distance between MTBC strains Favor more likely mutation events

° Spatial distance between TB patients Favor more likely transmission events

® Time of infection Trace transmission routes

® Need: A framework to combine data from multiple sources

7/5/2012
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Biclustering problem

° Host-pathogen association analysis: a biclustering problem

e MTBC strains: spoligotypes
) ) S
® 'TB patients: country of birth X
® Dataset C
® NYC dataset: 4301 patients
® ] : oli es
311 spoligotypes: KBBN, CBN Spol gotrp X
® 104 countries Time
® 7 years: 2001-2007 ——
i=1,..)
® Distance matrices
® Genetic proximity matrix ° Spatial proximity matrix
L [ | ' T, |
T A5 s)) if i # 7, CDA(s;,s;), H(s;,s;) < 10 7 LC.C) ifi# 7, L(C;,C;) <3
Fo(si;s;) = 41, ifi=j Ps(CinCi) =\ 1, ifi=j
0, otherwise. 0, otherwise.
iR & =] |
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Step 1: Data generation / fusion

Number | DJata conhigurafion | Badra information KMethod in UBF
1 5 X — MEF
c
9 5| X% Time TBF
T
C
9 ¥y s X Time + genetic distance CMTEF,
T
5 C
s| X
4 c 4 Time + spatial distance CMTBF,
o
¥ os| X
5 c T | Time + genetic distance + spatial distance CMTEBF,.
§
¢ Z
vy o| x S: Spoligotype
6 5 = Genetic distance + spatial distance CMMBF C: Country
c T: Time
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UBF: Unified Biclustering Framework

Data Generation

Matrix Factorization Tensor Factorization Coupled Matrix-Matrix Coupled Matrix-Tensor
1. PARAFAC Factorization (CMMF) Factorization (CMTF)
2. Tucker3 CMMF_ALS

1. CMTF_PARAFAC_ALS
2. CMTF_Tucker_ALS

Feature Pattern Similarity Matrix
Generation

A4

Biclustering Algorithm
Density-Invariant Biclustering

N
4 . . I . )
Statistically significant bicluster

selection
9 Average best-match score

J/

Ozcaglar et al., Host-pathogen association analysis of tuberculosis

patients via Unified Biclustering Framework, RPI Tech. Report, 2012.
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Step 2&3: Data factorization & FPSM generation

Data factorization FPSM generation
® Matrix factorization s| ® FPSM: Feature Pattern Similarity
® The matrix itself c Matrix
® Tensor factorization * Calculation 1: Cosine similarity
* PARAFAC s| X e PARAFAC, CMTF_PARAFAC_ALS
* Tucker3 — o CMMF_ALS
* Coupled matrix-matrix _ALBL NG > 0
Y s| X FPSM,; = { 1Al 1/B;. |
f actorization - _ 0. otherwise.
e CMMEF_ALS | z ® Calculation 2: Cosine similarity
. e Tucker3, CMTF Tucker ALS
* Coupled matrix-tensor Heee > — IR
L G =Y G,
factorization v s x =
~ A G B
e CMTF_PARAFAC_ALS S MG B ENG) >0
FPSM,; = { |[A: G| [IB;]l
e CMTF Tucker ALS % ¢ Z 0, otherwise.
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CMTF_Tucker_ ALS algorithm

Algorithm 2 CMTF_Tucker ALS(X = RIxI=K y e pI*M 7 « RN [P, Q, R])

XUJ =] JXG“;. {C; Vi) B;jl
Y s
Y ~ AV’
S
Z ~BW’ c

Ly = [[X) — AGy) (C'@B) [lp + [|[Y — AV'|[; + [|Z - BW'||;

min — tr (A'MM'A) — tr (A’YY'A)

st. A'A =1

M= X{” {TC]C; | BB"}

rr}}in —tr (B'MuM:B) — tr (B'ZZ'B)

s.t. BB =1

Ms = X{gj {C] C'® AJ!U}

min — tr (C'MzM;C)

s.t. C'C =1

Mj; = X{gj {TBBJ V% J:L':U]

—

—

—

A =EVD (MM +YY" P)

B = EVD (MuM, + ZZ'. Q)

C — SVD (M, R)
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Step 4: Density-invariant bicluster

* Bicluster B = (U,V,E) as a bipartite graph G = (U,V,E)

Columns

U \Y
Rows ) E

Rows Columns

Spoligotypes Countries

° Density and variance of a graph

Zu?{e] | 1
{I[G] _ ecl -

('5)

° Density—invariant bicluster

1. dB)>a,v(B)<j
2 dB)Yza,v(B)Y<3 VB =B\{m} wheremeUUV, |B| =0
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Step 4&5: Density-invariant biclustering

° Density—invariant biclustering algorithm (DIB)

1.

2.

3.

Discretize X with threshold th

1, ifXy >th
DI'_’.I' —

0, otherwise.

Find candidate biclusters using BiMax [Prelic et al, 2006]
CandidateBiclusters = BiMax(D)

Find (OL,B)—density—invariant biclusters among candidate biclusters

° Statistically significant bicluster selection
® For two biclusters B,=(G,,C,) and B,=(G,,C,)

_GiNGy| +|C1 NGy

tch( By, Bs) =
maf:l[ 1: 2} |GIUGQ|+|CIUG3|

® Stable bicluster: Average best-match stability = 0.95
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Results — Biclusters based on KBBN sublineages

Ricluster Number Spoligotypes Countries
’ of patients [ SIT no | Major lineage | Sublineage Name TEB continent
B14 6 STTHIE T Euro-American H3 Beusdar Py
S''58 Fyro- American 15 : e '
BT i S TEUT Indo-Ulceanic EATZ-LManila Phalippines =southeast Asia
o - o ST62 FEuro-American H1 S S
B3zl 42 ST51 Fuiroe American T1 Eenador Americas
ST'1908 | Furo-American H:
AIWALL ast Asian
Barbados Americas
ey . — \ . Diominica Americas
- B421 42 STl East Asian Beijing Malaysia Southeast Asia
Myanmar Southeast Asia
Philippines Southeast Asia
- B429 a7 . AsL ASIALL E1]111Z Talaysia SOULNeast Asla
S'T'38 Euro-Armerican X2 Philippines Americas
STI07 Earo-American 'l
ST42 Euro-American LAM9
for .- ST57 Euro-American | LAMI0-CAM e oo
B525 11 STO04 Friro- American TS Haiti Americas
ST904 M. africanum AFRIL
ST904 M. africanum AFRIL
Btid 3 L’qlllg:l ;11111‘(2_";::12:?:‘;;11 h.i:.t_ll"] Bangladesh | Indian Subeontinent

1. Philippines: EAI2_Manila strain ST897

2. East Asian Beijing strain ST1: three TB continents. Transmissive.

3. Malaysia & Philippines: ST1 and ST38. Neighbour countries.

77572012 Cagri Ozcaglar: Ph.D. Thesis Defense 47



Results — Biclusters within each CBN lineage

Bicluster Number Spoligotypes Countries
) of patients |[ SIT no Major lineage Sublineage Name TE conftinent
SN MR Toiro- SN erical =
BT12 5 ST4T8 Euro-American N2 Mexico Americas
ST1154 Furo-American LAMD
=l BV Eazst-Alrican Indian | CAS]-Delhn
ST25 Fast-African Indian | CASL-Delhi
- ST381 | East-African Indian | CAS1-Delhi s .
B732 9 ST21 East-African Indian CAS China East Asia
ST208 | East-African Indian CAS
UST167 | East-African Indian EAILS
=STasl Eazt-Alrican Indian | CAST-Delhl
BT33 11 ST25 Fast-African Indian | CASL-Delhi China East Asia
' 8T21 East-African Indian CAS Dominican Republic Americas
UST167 | East-African Indian EAIS
S TTIGE FEast Asian Beljing
. - S5T941 Fast Asian Beijing L .
B741 7 STH41 Fast Asian Bedjing Haiti Americas
ST1168 Fast Asian Beijin
T T T
ST255 East Asian Beijing
ST260 East Asian Beijing
BT42 212 S5T941 East Asian Beijing United States Americas
571265 East Asian Beijing
ST160 Fast Asian Beijing
ST1 Fast Asian Beijin
= L2010 Fhast Astan Beling — T —
B743 291 ST265 East Asian Beijing U ,{'IIH%'H i iﬂ"t A\‘m
ST1 Fast Asian Beijing nited States mericas
S S AL afrcanam APFRI_T
ST326 M. africanum AFRIL
ST187 M. africanum AFRI_L
BT7A1 17 ST181 M. africanmm AFRI_L United States Americas
ST319 M. africanum AFRI2
ST331 M. africanum AFRI_2
[JST229 M. africanum AFRI 2
BT761 3 0120 :M‘ m?if."i’ Ef“;". Dominican Republic Americas
BTG2 9 ‘-:J_IH w b:;-rjé,: BOV 2 United States Americas
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6. Conclusion
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Conclusion

1. TCEF: Tensor Clustering Framework

Genomic data fusion via MBT: multiple-biomarker tensor

Simultaneous analysis of two biomarkers

A new sublineage structure of MTBC based on multiple biomarkers

Divided, merged, or validated existing sublineages

2. Evolution of spoligotypes

Genomic mutation mechanism fusion via an additional biomarker

Number of desdendant spoligotypes follows power law

Number of mutations at each spacer follows a spatially bimodal distribution

Mutation length frequency does not follow power law. Alternatives:
® SPM: Starting Point Model
* LBM: Longest Block Model

3. UBF: Unified Biclustering Framework
® Genome-phenome data fusion
® Incorporate genetic distance, spatial distance and time

e Found existing and new host—pathogen associations

]
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Future work

® Non-deterministic tensor decomposition

° Host—pathogen association analysis

Initial algorithm: Simulated Annealing with Adaptive stepsize (SAAS)

Tensors with varying size, rank, collinearity, noise level
Challenges: Global minima, overfactoring

Model selection framework for different types of noise

New constraints: sparsity, non-negativity

¢

Cr

Im

Additional MTBC biomarkers: MIRU-VNTR, RFLP

Additional patient attributes: age group, homelessness, HIV status

Immigration map instead of world map

Line-search for ALS-based coupled factorization algorithms

e Faster convergence to more accurate solutions
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